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Lecture Overview

» Recap Learning Goals last part of
previous lecture

* Bnets Inference
* |ntro
* Factors
* Variable elimination Algorithm

» Temporal Probabilistic Models
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Learning Goals for last class
You can:

* |n a Belief Net, determine whether one
variable is independent of another variablel
given a set of observations.

» Define and use Noisy-OR distributions. c
Explain assumptions and benefit.

* Implement and use a naive Bayesian &
classifier. Explain assumptions and benefit.
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3 Configuration blocking dependency (belief propagation)
"EVINEN CE/0BSERVED

| X
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A2~
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Nailve Bayesian Classifier

A very simple and successful Bnets that allow to
classify entities in a set of classes C, given a set of

Exaifiplaes T

* Determine whether an email is spam (only two
classes spam=T and spamzf), d <

o Useful attributes of an email ?
Assumptions

* The value of each attribute depends on the classification

* (Naive) The attributes are independent of each other given
the classification

P(“bank” | “account” , spam=T) = P(“bank” | spam=T)
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Naive Bayesian Classifier for Email Spam

Assumptions %
* The value of each attribute depends on the classification

/
* (Naive) The attributes are independent of each other givenL‘
the classification

* What is the structu e?

;?
words
mall contains: mall contains mall contains mail contains
free money ubc mldterm
Number of parameters? 2,1 0

Easy to acquire?
If you have a large collection of emails for which

you know if they are gpam Qr.oot...... .



NB Classifier for Email Spam: Usage

Most likely class given set of observations

Is a given Email £ spam? &

“free money for you now” @

Email is a spam if....... P(s :’TB 2 PKS:Q
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For another example of naive Bayesian
Classifier

See textbook ex. 6.16(—

help system to determine what help page a
user is interested in based on the keywords
they give in a query to a help system.
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Bnets: Compact Representations

n Boolean variables, k max. number of parents
O O
) < = J@
Z ‘/] Z Vtom(-s .
C\ESS
C L/UFQ
R

S

/\_3

e BYV]L’S 6/3')'\/),

Only one parent with h possible values
AJ)space
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Lecture Overview

» Recap Learning Goals last part of
previous lecture
 Bnets Inference
* Intro
* Factors
* Variable elimination Algorithm

* Temporal Probabilistic Models
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Bnet Inference

* Our goal: compute probabilities of variables in a
belief network

What is the posterior distribution over one or-meore
vartables, conditioned on one or more observed
variables?

—>P(Alarm| Smoke = + )

P(Fire | Smoke =T ,Leaving = JY )

AJ)space
CPSC 322, Lecture 10 ide 11




Bnet Inference: General

» Suppose the variables of the belief network are X,, X,

@ls the query variable
Y=V, ..., Y=V are the observed variables (with their values)

«Z,, ...,.Z,are the remaining variables
Ttk

« What we want to compute: / P(Z|Y,=v,...,Y. :vj))/Z

@ Example:
Alarm @ P(L|S_t R = f)

=2 = ‘Za.zz%}i?
.YV, <& S K

)
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What do we need to compute?
Remember conditioning and marginalization...

& P(L, szt Rep) €
istRepy TS

L S R |P(L, S=t, R=f)
Do they have fo
t t f D sum up to one?
no
f t f . 2
E D

L | S | R |P(L|S=t, R=f)

S
@" = t f .6
f t f .ZT ;




In general.....

» We only need to compute the “vwierz$s~  gnd
then normalize

* This can be framed in terms of operations
between \factors|(that satisfy the semantics of
probability)
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Lecture Overview

» Recap Learning Goals last part of
previous lecture

* Bnets Inference
* |[ntro
* Factors
* Variable elimination Algorithm

* Temporal Probabilistic Models
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A factor is a representation of a function from a

* We will write factor  on variables X,,...,

Factors

tuple of random variables into a number. /o 4\

X. as

/ %(Xi-v-xj\

* A factor denotes one or more (possibly partial)

distributions over the given tuple of variables

P(Z|X)Y)

N 2
e.g., P(X, X.,) is a factor X, X)) Distributiort” - P(Y|Z,X)

\B .
e.g.; P(X, X, X5 =v;) is afactor partial distributio

HX7 XD x3=vs

e.qg., P(X/ZY)is a factor
XZY)

e.g., P(X, @/ X3) is a factor Sef of partial (/

f(Xﬁ XZ)X3=V3

va
x|y | z |
O t t 0.7

(// t t f 0.9

Set of Distributions t f t’l 0.2)
f(X,Y,2) &t,_:;_f L“ | 0.8

f ot | 7T tj 0.4

f |t / f 0.6

Distributions f f t 0.3

CPSC 322, Lect f f f 0.7




A factor is a representation of a function from a

* We will write factor  on variables X,,...,

Factors

tuple of random variables into a number. /5 1\

X. as

/ %(%4-~><3\

* A factor denotes one or more (possibly partial)

distributions over the given tuple of variables

T
e.g., P(X, X,) is a factor (X, X,) Distributior?”

HX7 XD x3=vs

e.qg., P(X/ZY)is a factor
XZY)

e.g., P(X, @/ X3) is a factor Sef of partial (/

f(Xﬁ XZ)X3=V3

4

Set of Distributions
f(X,Y,2)

Distributions
CPSC 322, Lecti

— | A
e.qg.; P(X,, X, X;=v;) is afactor partial distribution

X

P(Z|X)Y)

val

-

~ | ~—

s
— —

—h | =h

|

—h—h\—h\—h
LT




Manipulating Factors:

We can make new factors out of an existing factor

* QOur first operation: we can assi/grn some or all of the

\@I@Le_s_oiﬁiactor

\ X Z val
> t t ] 0 What is the result of
tpt o9 assigning X=t ?
t f t | 0.2 —_—
f(X,Y,2): t f f | 0.8 f(X=t,Y,Z)
T i f 04
t f—1 06
f—t—F 03" (X, Y, Z)x =4
f f f— 077
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More examples of assignment

X Y Z val
t t t 0.1
t t f 0.9
t f t 0.2
r(X,Y,2): t f f 0.8
f t t 0.4
f t f 0.6
f f t 0.3
f f f 0.7
Y val
r(X=t,Y,E1;): —t—1-9
£ |-d

Y Z val
t+—Tt+—T06"+
r(X=t,Y,2): t f 0.9
> f t 0.2 .
f f 0.8
r(X=t,Y=f,Z=f): val
4
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Summing out a variable example

Our second operation: we can sum out a variable,
say X, with domain {v,, ...,v,}, from factor /X, X/
resulting in a factor on X, ..., X; defined by:

val

— t

£,(A,B,C):

/
F

—h —=h =h —h [+

0.03
0.07

val

0.54

S+

0.06
0.14
0.48
0.32
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A

(1

0.36 2ef3(AC): ('t
f

f

3

. ﬁ\*}ﬁ -
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Multiplying factors

*Our third operation: factors can be multiplied together.

A | B | Vval
@ t t | 0.1
f,(AB): O t f | 0.9 A|B]|C| val
A o
| fl ot ] o2 LI D[ O] - 03
f | f |08 g LON A AR
- o
Ct\@_ﬂ . 054
f(AB)xf(B,C): t | f | f
B | C | val el |y
® t t 0.3 f t f
f,(B,C): # t f | 07 fl|f |t
O f t | 0.6 Flf]f
f f | 04
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Multiplying factors: Formal

*The product of factor 7,(A, B) and 7,(B, C), where Bis the
variable in common, is the factor (7, x 1,)(A, B, C) defined by:

f.(A B)F,(B.C) = (1, x ,)(A B,C)

e AD 7(:’&[-

Note1: it's defined on all A, B, C ftriples, obtained by multiplying
together the appropriate pair of entries from 7, and 7,.

Note2: A,C can be sets of variables
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Factors Summary

« A factor is a representation of a function from a tuple of random
variables into a number.

* (X,... . X).
* We have defined three operations on factors:
1.Assigning one or more variables
* (X;=v, X, ..., X) isafactoron X, ..., X, also written as
X s X,

2.Summing out variables
* (2x, X, ... X) = {(X5=vy, Xo X)) + ... # (X =V X . X))

3\Multiplying factors

. £,(A, B)f, (B, C) = (f, x L,)(A B, C)
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Lecture Overview

» Recap Learning Goals last part of
previous lecture

* Bnets Inference
* |ntro
* Factors
* Variable elimination Algorithm

* Temporal Probabilistic Models
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Variable Elimination Intro

» Suppose the variables of the belief network are X,..., X .

@is the query variable

Y=V, ..., Y=V are the observed variables (with their values)

@re the remaining variables

* What we want to compute: ( P(Z |Y1 = V.. -,YJ— ZVﬂ

» We showed before that what we actually need to compute is

('P(Z,Y1 =Vj,..0 Y, :Vj)J

This can be computed in terms of operations between
factors (that satisfy the semantics of probability)
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Variable Elimination Intro

* If we express the joint as a factor,

@\OSMW\’A /Suuvvt 0Uut'
2y vz 2 )
\\, 7..</, feany ]/ggglv\/\

\_2‘( e

« We can compute{P(Z, Y. =v,, ..., )§=J by ?7?
*assigning Y,=v,, ..., Y=v,
*and summing out the variables Z,, ...,Z, J

P(Z,Y, = V..., =V)) :Zﬁ]f (YY1 Z0s 2y
— Zy Z, :

Are we done? NO Joiwt Too 316!
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Variable Elimination Intro (1)
P(Z,Y, =V,,....Y; =V;) =

> -.-Z@z,vl,..,vj,zl,..,z\kxlVl,___yﬂ
Z, Z, :

- Using the chain rule and the definition of/a Bnet, we
can write P(X,, ..., X,)as 1_[|3()(i | pX.)
=1

4

* \We can express the joint factor as a product of
factors _

Rz, V...V, Z...Z ) I]fCX/pX)
=1
: %
P(Z,Y,=Vv,,....Y, =v) =) - Hf(xi,@
1=VyeenY

Z, z,| i=l =V,
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Variable Elimination Intro (2)

Inference in belief networks thus reduces to
computing “the sums of products..

T _ D @
P(Z,levl,...,szj\)]?Z, ZHf(X,,pX) @

1. Construct a factor for each conditional probability.

2. In each factor assign the observed variables to
their observed values.

3. Multiply the factors

4. For each of the other variables Z, € {Z,, ..., Z.}
sum out £,




How to simplify the Computation?

* Assume we have turned the CPTs into factors
» and performed the assignments

% H/(X\%)Je f (varsXi)

fcbed f(C.D,G)e-1—? (¢ b)

“b

ZHf(X PXi V2, ¥, »Z ZHf(varsX.

Z; 1=l Z; 1=l
/el.s%s on the basmWnce...
(C,D)xf(A,B,D)xf(E,A)xf(D)

CPSC 322, Lecture 10 Slide 29




How to simplify: basic case
Let's focus on the basic case. Zﬁ f (varsXi)

Zl |:1

» f(C,D)x f(AB,D)x f(E,A)x f (D)

How can we compute efficiently?
Factor out those terms that don't involve(Z, !

L Hf(varsx.) (Z Hf(varsx.j

I|Z,¢varsXi Z, i|Z;evarsXi

_—

Ao wat condrrng 24 do condorm

HEd) x () 2; H(718,0) (€ 4)
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General case: Summing out variables
efficiently

Z ...Zflx---xfh Z Z(fx xf)(me J

e

Now to sum out a varlable@from a product 7,x... xt. x f’ of
factors again partition the factors into two sets

. F: those that comtr Z 2
e F:those that 2o “eoC

1T F x ZTFIA’
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Lecture Overview

» Recap Learning Goals last part of
previous lecture

 Bnets Inference

* Intro 05
* Factors / BO ME)A»L
BrK

* Variable ellmlnatloné( Igorithm
* Temporal Probabilistic Models
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Analogy with “Computing sums of

products”

This simplification is similar to what you can do in basic
algebra with multiplication and addition

* |t takes 74 multiplications or additions to evaluate the
expression

ab+ac+ad+aeh+arfh+agh.

Y

* This expression be evaluated more efficiently....

gt(b+c+d,+%*<€+ L+ a) a
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&

Variable elimination ordering
/s there only one way to simplify?

P(G,D=t) = 5, 5.c. 1A,G) f(BA) f(C,G) B,C)

CRA o < V/
P(G.D=t) = 3, flA,G) 5 {B.A) 5, #C.G) (B, )
GC A e\

P(G,D=t) =3, fiA.G) > f(C.G) 3 [(B C) f(BA)
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Variable elimination algorithm: Summary

P, A YV, 2o )
To compute P(Z] Y,=v,,... ,Y~V;):
1. Construct a factor for each conditional probability.

2. Setthe observed variables to their observed values.

3. Given an elimination ordering, simplify/decompose
sum of products

4. Perform products and sum out Z, Y=y, <

—

5. Multiply the rem\aining factors (allin ? [¥g z, )
6. Normalize: divide the resulting factor #Z) by 2, f(Z).
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Variable elimination example

[Compute P(G / H=h,))
P(G,H :2 F./ P(AIB:C:D:E:'E:G;/_/;/L
AB.C.D.E.

@ \I CPSC 322, Lecture 10
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Variable elimination example

Compute P(G | H=h,).

llllll

llllll
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Variable elimination example (step1)

-— 0 -— -

/ .

e

-, A

s

llllll

11111

* (A

- f(BA)

* AC)

- 1(D,B,C)
* T(E.C)

* 1s(F. D)

* (G, F.E)
* IAH,G)

* i5(1,G)

Compute P(G | H=h,).
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Slide 38



Variable elimination example (step 2)

Compute P(G | H=h,).
Previous state: o

111111

111111

P(G,H=hy) = 2, BCDEFJ o(A) F(B,A) 1(C) £4(D,B,C) f,(E,C) I{(F, D) I(G,F.E) Io(G) 15(1,G)

* (A * 14(G)
« f(BA)

* iAC)

« 5(D,B,C)

* I(E,C)

T

* fs(F, D)

T l— O ~— 0 -— -
\O

* 15(G.FE)

am
\ O 4
/C}_

o]

* 15(1,G)
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Variable elimination example (steps 3-4)

Compute P(G | H=h,).
Previous state:

111111

P(G,H=h;) = 14(G) 51 X5 1oF, D) 35 3,1, G) S 1o(G,FE) Xc 1AC) D.B,C) F(E,C) X, 1o A) Fi(BA)

-
* 1o(A) * 7(G)
- £,(BA)

+ 1{C)
+ {D,B,C)

* f(E,C)
* fs(F, D)

T

* Is(G,F.E)

T — O ~— 0 >
\O

« 14(1,G)
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Variable elimination example(steps 3-4)

Compute P(G / H=h, ). Elimination ordering A, C, E, I, B, D, F.
Previous state:
P(G,H=h,) = £(G) Sr I, 1(F, D) S5 3, 15(1,G) Zp 1y(G,F,E) So14C) £(D,B,C) £,(E,C) I, fyfA) f1(BA)
Eliminate A:
P(G,H=h;) = {(G) XrXp 1(F, D) 25 10(B) 21(1,G) Ze 1o(G.F,E) 2o £(C) D.B,C) f(E,C)

+ 4(G)

a ./—— i * f1o( Bl
i « H(C)
¢ C « £,(D,B,C)
D/ l + £(E,C)
,L E  1F, D)
F * (G,F,E)
N

G
¥ X < £,(1,G)
D (I
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Variable elimination example(steps 3-4)

Compute P(G / H=h, ). Elimination ordering A, C, E, I, B, D, F.
Previous state:
P(G,H=h,) = 1,(G) 2 35 1oF, D) S510(B) %i15(1,G) S5 o(G.F,E) Sc1AC) 4(D,B,C) F(E C)y
Eliminate C:

P(G.H=M) =10(G) 2r2p1s(F, D) 25T10(B) 2/7s(1.G) 23 1e(G.F. E) 112(B. D, E),

* 1o(G)
A
¢ * f10(B)
i *f,5(B,D,E)

D
,L « £4(F, D)
F * (G,F,E)
N
G
¥ X < 1,(1,G)
H I
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Variable elimination example(steps 3-4)

Compute P(G / H=h, ). Elimination ordering A, C, £, |, B, D, F.

Previous state:
P(G,H=h,) = 1{(G) 3 3p iy F, D) X5 1o(B) 3 1(1,G) X f5(G,F,E) f,(B,D,E)
Eliminate E:

P(G,H=h;) =1(G) 2 2p15(F, D) 2511o(B) 15(B.D,F,G) 2,1(1,G)

+ 1,(G)

A
¢ * f10(B)
B
¢ (
D/ Jr +f,5(B,0,F,G)
,L E  £(F, D)
5
N

G
¥ X < £,(1,G)
H |
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Variable elimination example(steps 3-4)

Compute P(G / H=h, ). Elimination ordering A, C, E, |, B, D, F.

Previous state: P(G,H=h,) = ,(G) 22 s(F, D) 257,5(B) f.5(B.D,F,G) 2, f51,G)

Eliminate I:
P(G,H=h,) =1y(G) [1/(G) 2 2pT(F, D) 251o(B) f;5(B,D,F,G)
* 1/(G)
A
¢ * f10(B)
B
&
¢/ l +f,4(B,D,F,G)
E * 15(F, D) “f1a(C)

E\Q/’ﬁ-(—U
/ _

Pt
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Variable elimination example(steps 3-4)

Compute P(G / H=h,). Elimination ordering A, C, E, I, B, D, F.

Previous state: P(G,H=h,) =1y(G) f,,(G) 22 Ts(F, D) 2 57,,(B) f,5(B.D,F,G)
Eliminate B:
P(G,H=h;) = 1s(G) [;/(G) 2 2p 1s(F, D) f15(D,F,G)

* 1(G)
i
B
@
D
,L E * 15(F, D) f,4(G)
F\ * [15(D,F,G)

=
%

Pt

CPSC 322, Lecture 10 Slide 45



Variable elimination example(steps 3-4)

Compute P(G / H=h, ). Elimination ordering A, C, E, I, B, D, F.

Previous state: P(G,H=h,) =1y(G) f,,(G) 22 5(F, D) f,5(D,F,G)
Eliminate D:
P(G,H=h,) =1y(G) F,(G) 2cT1s(F, G)

+ 1,(G)
A
.
B (!
D
¢ E *f14(G)
F
RN
* f16(F, G)

=
%

Pt
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Variable elimination example(steps 3-4)

Compute P(G / H=h, ). Elimination ordering A, C, E, I, B, D, F.

Previous state: P(G,H=h,) = 1o(G) 1,(G) 2 F1s(F, G)
Eliminate F:

P(G,H=h,) =ff9,(G) f14(G) T17( G} * 1(G)

-— U - — -

*f14(G)

/’TJ"(—U

* 1,AG)

=
%

Pt
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Variable elimination example (step 5)

ComputeWG/H=h,) Elimination ordering A, C, E, /, B, D, F.

Previous state: P(G,H=h,) =1y(G) 1,,(G) 7, AG)
Multiply remaining factors:
[ P(GH=h,)|= F,4(C)

-— U - — -
.,

D
g
N
G,
/ \ * 115(G)
H I

CPSC 322, Lecture 10 Slide 48



Variable elimination example (step 6)

Compute P(G / H=h,). Elimination ordering A, C, £, /, B, D, F.
Previous state:
P(G,H=h,) = f,4(G)
Normalize:

P(G [ H=h,) = f,4(G) /E'g € dom(G) f16(G)
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Lecture Overview

* VVariable Elimination

* Independence
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Variable elimination and conditional
independence

« Variable Elimination looks incredibly painful for large graphs?
 We used conditional independence...

P(Ki. - Xy = T?C% @méx»

« (Can we use it to make variable elimination simpler?

: R
aII the variables from which the query is conditional

Independent given the observations can be pruned from
the Bnet
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VE and conditional independence: Example

 All the variables from which the query is conditional
independent given the observations can be pruned from

the Bnet

e.g., P(G [H=v, F=v, C=v)).

f— U0~ — -

D

| BDE £ o»
F\- D,1 BDA
£\

H I
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VE and conditional independence: Example

 All the variables from which the query is conditional
independent given the observations can be pruned from
the Bnet

JBX
Y e.g., P(G [H=v,, F= v, C=v,).
ia 7
¥ S
/\ \ \oow b ‘0 6 LS COMO]AJ’\\«’DV\Q /}7
L ) 3((9“"\% ' A O‘ T A_%_D Vo
\’ /\f\i\/\@\ 11: QP(:/M p/‘;{ —}mm ik
\G/ \VovsS
£\ v - H,F €
W d 1)
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Learning Goals for today’s class

You can:

» Define factors. Derive new factors from
existing factors. Apply operations to factors,
including assigning, summing out and

multiplying factors. J

» Carry out variable elimination by using factor
representation and using the factor
operations.

» Use techniques to simplify variable
elimination.
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Big Picture: R&R systems

[Environm

~ (Deterministig Stochastic

Problem (rArc Consistency (or €50

‘Constraint |yars « | oc2reh
Seat Satisfaction)| ~, o -aints sts]| .

° IC'I N- —~JC 5 P g Be//'ef Nels
S, Logies _ 4’ \,e)( Var. Elimination

| Search 775" ,

Sequential Decision Nets= A

Representation a

Reasoning
| Technique

STRIPS ((5¢
o€ o

14
Searcht” ¢?"

y Var. Elimination

Markov Processes

Value lteration
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Answering Query under Uncertainty

Probability Theory

>

—
Dynamic Bayesian'| {7 o

A

Network

Static Belief Network
& Variable Ellmlnatlon /

/ Hidder( Markov Models)
Biolnformatics ’

Monitoring
e.g credit cards)

medicine

Email spam filters

Student Tracing in
tutoring Systems

Natural —%om, Wn“ K\A@W
Language Yow will Know ali
Diagnostic Crocessing
Systems (e.qg., |/ Some APP“C&'t{o,,,

3
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Lecture Overview

» Recap Learning Goals last part of
previous lecture
 Bnets Inference
* |ntro
* Factors
* Variable elimination Algorithm

* Temporal Probabilistic Models
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Modelling static Environments

So far we have used Bnets to perform inference in static
environments

* For instance, the system keeps collecting evidence to
diagnose the cause of a fault in a system (e.g., a car).
p@@@

* The environment (values of the evidence, the true
cause) does not change as | gather new evidence

« What does change? The system’s beliefs over
possible causes



Modeling Evolving Environments

« Often we need to make inferences about evolving
environments.

« Represent the state of the world at each specific

point in time via a series of snapshots, or #ime
slices, t-1 ) C

—

SolveProblem ;_4 SolveProblem

Knows-Subtraction _ {

> Knows-Subtr@

Tutoring system tracing student Anowledge and morale




Simplest Possible DBN

* One random variable for each time slice: let’'s assume S,
represents the state at time £ with domain {s, ...s,}

GG

« Each random variable depends only on the previous one

s TSy | S. - <) = FC5{7+1 ?__c,w>

* Intuitively S, conveys all of the information about the
history that can affect the future states.

;7“The future is independent of the past given the present.”
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Simplest Possible DBN (cont’%{ s )
Su| S,

R OraOria OraOmal

 How many CPTs do we need to specify?

G4 P(s.ls)) P(s.lsy) etc,

» Slationary process assumption. the mechanism
that regulates how state variables change
overtime Is stationary, that is it can be described
by a single transition model

* P(Stlst_1) s Yhe sxae V]»ayr U t'




Stationary Markov Chain (SMC)

A stationary Markov Chain : for all t >0
o P(S,”l Sg,-.-,S,) = P(St+7|Sz:) and M'XVKQ\/ éﬁsum*o‘{'iov\
* P(S;+1S)is the same stuéowsv

We only need to specify {5 ) and P(Stes | §t>

Simple Model, easy to specify <
Often the natural model <
The network can extend indefinitelyzf/ e

Variations of SMC are at the core of most Natural _,{ * Ao
Language Processing (NLP) applications! D\%0 uu\ P’X“>
IC V’R}V\K 2§ (> m*"v‘ weY



Stationary Markov-Chain: Example

_ _ _ SIX possible
Domain of variable S;is {t, g, p, a, h, €} valoes

We only need to specify...

P(Sp)

—_—

Probability of initial state

|0 I O |~
Olo|2|0|n|o

Stochastic Transition Matrix St 41 U
tig|pjla|h|e
P(S,+,|S,) t|0.3/0(.3/.4]|0 SR
Q —1q 4016100 06:?(5‘(;.,,1\5-& :f‘>
S-«> p|0[0|1]|0]|0]|O 6*\’6@4{%:%
—_ _ t
@ —>lal0|0|4]|6]0|0]. .-
4 valves [ykes  Zlhlojo|o]o|0 D] - -
el1/0|O0O|O|O|O]|- -
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Markov-Chain: Inference
Probability of a sequence of states S, ... S

P(So,...S1) = P(5.) F(54]5. F[sl Sl

5)—>(51)—> Q{;\) \\ P (St S)

P(5) —ifoalo] 3 4]0
?@")el% ti .6 ;,q\.a\o\ olofo
) a| 4 N

Example. ol 0 1 [R]0| 00|00
R al 0 al0|0|.4N6%\0]0
P(t,d, p) = h| 0 | [h|o]o]o]otoNu
~ el 0 Jle[1[o]o]o[0}\0)

P(t) « ?(q{t) X ?(F 1)

’ 6 —_ ,70(?

b X . 3 X
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Next Class

Decision Networks (7extBook 9.2-9.3)

Course Elements

* Assignment 4 has been posted
« Will post questions to prepare for final

CPSC 322, Lecture 10 Slide 65



